Abstract. Functional ecology aims at determining the relationships between species traits and environmental variables in order to better understand biological processes in ecosystems. From a methodological point of view, this biological objective calls for a method linking three data matrix tables: a table L with abundance or presence-absence values for species at a series of sites, a table R with variables describing the environmental conditions of the sites, and a table Q containing traits (e.g., morphological or behavioral attributes) of the species. Ten years ago, the fourth-corner method was proposed to measure and test the relationships between species traits and environmental variables using tables R, L, and Q simultaneously. In practice, this method is rarely used. The major reasons for this lack of interest are the restriction of the original method and program to presence-absence data in L and to the analysis of a single trait and a single environmental variable at a time. Moreover, ecologists often have problems in choosing a permutation model among the four originally proposed. In this paper, we revisit the fourth-corner method and propose improvements to the original approach. First, we present an extension to measure the link between species traits and environmental variables when the ecological community is described by abundance data. A new multivariate fourth-corner statistic is also proposed. Then, using numerical simulations, we discuss and evaluate the existing testing procedures. A new two-step testing procedure is presented. We hope that these elements will help ecologists use the best possible methodology to analyze this type of ecological problem.
INTRODUCTION
proposed the habitat templet theory, which assumes that ''habitat provides the templet on which evolution forges characteristic lifehistory strategies'' (Southwood 1988:3) . Under this hypothesis, functional ecology has been developed with the objectives of ''(1) constructing trait matrices through screening; (2) exploring empirical relationships among these traits; and (3) determining the relationships between traits and environments'' (Keddy 1992b:621) . Using species traits (morphological or behavioral attributes, for instance) as a surrogate to species taxonomy allows researchers to produce more general ecological models: ''because the problem primarily involves traits and environment, answers should be generalizable to systems with very different taxonomic composition'' (Keddy 1992a:157) . This approach enables researchers to compare communities at a very broad spatial scale even when the lists of species are entirely distinct or even unknown (Blondel et al. 1984 , Wiens 1991 , Lamouroux et al. 2002 . Species traits are useful in searching for functional types (combinations of attributes) in order to reduce the diversity of species to a diversity of functions. This approach is suitable to reduce the complexity of ecosystems in order to assess ecosystem sensitivity against changes in the environment (McIntyre et al. 1999) . Field studies (e.g., Diaz et al. 1998 ) allow ecologists to select traits of interest, identify functional group, and study their responses to environmental variation. Results from these studies are essential for constructing models that predict the effects of environmental changes (e.g., disturbance, pollution, climatic change) on ecosystems (Campbell et al. 1999 , Pausas 1999 . This approach provides an efficient biomonitoring tool and could be used for conservation purposes (Dole´dec et al. 1999) .
From a methodological point of view, introducing a species trait matrix into an ecological analysis represents an exciting challenge. In most situations, considering species traits in a study implies that ecologists have to analyze three tables: a table L (n 3 p) containing the abundances of p species at n sites, a second table R (n 3 m) with the measurements of m environmental variables for the n sites, and a third table Q ( p 3 s) describing s traits for the p species. Some authors have simplified this situation by constructing a site 3 trait matrix (n 3 s) in order to obtain two tables containing data about the Manuscript received 19 February 2008; accepted 23 April 2008. Corresponding Editor: J. Franklin. 3 E-mail: dray@biomserv.univ-lyon1.fr same statistical units, the sites (Mabry et al. 2000) .
Other researchers use a two-step approach (indirect functional analysis) where tables R and L are first analyzed and then the results are interpreted using species trait data (Thuiller et al. 2004 ). Obviously, a direct functional analysis where species data, environmental data, and species-trait data are analyzed simultaneously represents a more optimal solution. The methodological question of linking species traits to environmental variables has been called the fourthcorner problem because of the nature of the matrix formulation that was used by Legendre et al. (1997) to solve it. These authors proposed four testing procedures to evaluate the link between an environmental variable and a species trait through a table L containing presence-absence data. One year before, Dole´dec et al. (1996) developed RLQ analysis, a three-table ordination method. Although methods designed for the analysis of three tables have been available for a few years, there are few published applications (but see Barbaro et al. 2000 , Charest et al. 2000 , Ribera et al. 2001 , Hausner et al. 2003 , Hooper et al. 2004 . Some reasons for this lack of interest can be found in the literature. Poff et al. (2006:731) argued that ''despite much progress in recent years, the full potential of the functional traits-based approach is currently limited by several factors, both conceptual and methodological.'' They added on p. 732 that ''the overarching need is to develop a more robust multivariate framework, in which the responses of multiple, independent traits can be related to multiple environmental gradients characteristic of most landscapes.'' They regretted that RLQ analysis and the fourth-corner method ''do not explicitly account for evolutionary linkage of traits . . . and consider only a single trait at a time, and some can analyze only binary species data'' and concluded that ''a basic statistical challenge remains.' ' Nygaard and Ejrnaes (2004:54) stated that ''the fourth corner method has been developed for binary species by sample data sets, and an extension of the method to include species abundance data has not yet been developed.'' They incorrectly considered that ''this statistical feature works only on three-table data sets where either matrix B (species 3 attributes matrix) or C (sample 3 environment matrix) is represented by binary variables. This restriction puts another severe limit to the applicability of the method in functional plant ecology.'' In short, ecologists regretted that the testing procedure and computer program of Legendre et al. (1997) were only devoted to species presence-absence data (this can be seen as a loss of information when abundance data are available) and considered only univariate measurements. Moreover, it appears that ecologists did not know how to choose among the four permutation methods proposed by Legendre et al. (1997) , and tended to always use the first method, the one that had been used in the example contained in the original paper.
In this paper, we focus on testing procedures for direct functional analysis. First, we show how to measure the link between species traits and environmental variables and we propose an extension of the fourth-corner method of Legendre et al. (1997) to deal with abundance data. We propose also a multivariate statistic to consider several traits and environmental variables in a single analysis. Then, testing procedures are evaluated using simulated data representing various ecological situations. Last, we propose a two-step approach to test properly the relationships between species traits and environmental characteristics.
MEASURING THE LINK BETWEEN SPECIES TRAITS
AND ENVIRONMENTAL CHARACTERISTICS In this section, we show how to link environmental variables and species traits. We extend to abundance data the statistics proposed by Legendre et al. (1997) for presence-absence data. We first consider bivariate measurements, and then we develop a new multivariate statistic. 
Inflating the original data tables
as in correspondence analysis. Let us consider the diagonal matrices of site and species weights defined by
Table R (n 3 m) describes the environment while species traits are contained in table Q ( p 3 s). The variables in R and Q can be quantitative or qualitative. Following Legendre et al. (1997) , the information contained in tables R, L, and Q can be rewritten in the form of inflated tables. These tables correspond to a simple rewriting of the original tables where only nonempty cells are considered. Since we consider species abundance data, two procedures can be used for inflating the original data tables (Fig. 1) .
The first way (Fig. 1b) considers the correspondences, which are the c nonempty cells of table L (Greenacre 1984, Thioulouse and Chessel 1992) . We can easily derive two tables X c (c 3 n) and Y c (c 3 p) from table L. Two inflated tables R c (c 3 m) and Q c (c 3 s) are also constructed by duplicating the values of tables R and Q, respectively, according to the distribution of correspondences in tables X c and Y c . If the kth correspondence belongs to the ith site and the jth species, then the kth row of R c is equal to the ith row of R, and the kth row of Q c is equal to the jth row of Q. Lastly, a weight must be associated to each correspondence, chosen to be a function of the abundance values in table L. A diagonal matrix D c is therefore constructed where (Pe´lissier et al. 2002 , Gimaret-Carpentier et al. 2003 . Two tables 
Note that while the inflation to correspondence tables can be performed for integer as well as continuous abundance measurements, the construction of the tables of occurrences is restricted to integer counts. However, the statistics proposed in the sequel to measure the link between species traits and environmental variables using the original data tables can also be used for abundances measured on a continuous scale (e.g., relative abundances). If table L contains only presence-absence data, which was the case considered by Legendre et al. (1997) , the two mechanisms for inflating the original data tables are equivalent.
Linking two quantitative variables
Consider that R and Q each contain a single quantitative variable, as in the illustrative example proposed in Fig. 1 
In this case, all occurrences have the same weight. For presence-absence data, the two modes of inflation are equivalent to the inflation proposed by Legendre et al. (1997) . See Measuring the link . . . : Inflating the original data tables for details.
(see Appendix C for details.) Hence we can see that the link between a quantitative trait and a quantitative environmental variable can be computed in three different ways: 1) A correlation coefficient using the occurrence tables
2) A weighted correlation coefficient using the correspondence tables (r ¼ Q 
The three calculation methods produce identical values of r. There is also another way to compute this value, which has a very clear ecological meaning. If we consider that species have unimodal responses to the environmental variable, niche centroids can be computed by weighted averaging (using species abundance values) of the environmental variable. The value of r is then equal to the slope of the linear model, weighted by total species abundances, with the niche centroids as the response variable and the species trait as the explanatory variable. Hence the fourth-corner statistic is a measure of the link between the characteristics (traits) of species and their positions along the environmental gradient. If table L contains presence-absence data, this statistic corresponds exactly to the Pearson r statistic proposed by Legendre et al. (1997) .
Linking two qualitative variables
We consider now a qualitative environmental variable (k r categories) and a qualitative species trait (k q categories). Data are coded in R and Q by k r and k q dummy variables, respectively. For that case, one can create a k r 3 k q contingency 
where trace designates the sum of the diagonal elements of a matrix. After some manipulations (see Appendix C), we can rewrite the statistic as follows:
The components of the v 2 statistic in individual cells of the contingency table, proposed by Legendre et al. (1997) to evaluate the link between categories of the two variables, can also be easily computed for abundance data.
Linking one qualitative variable and one quantitative variable
We consider now the case of a qualitative environmental variable (k r categories) and a quantitative species trait. This choice is arbitrary, and the results presented here could easily be derived for the opposite and symmetric case of a quantitative environmental variable and a qualitative species trait. Data are coded in R by k r dummy variables while Q contains a single quantitative variable. For that case, Legendre et al. (1997) proposed to compute an ANOVA-like pseudo-F statistic from tables R o and Q o . One can also compute a correlation ratio by dividing the among-group sum of squares by the total sum of squares. If the variable in Q o is standardized to mean 0 (Q
, the correlation ratio is given by
This correlation ratio can be rewritten using the original data tables (see Appendix C):
In that case, Q is standardized to variance 1 (Q t D p Q ¼ 1) and mean 0 (Q t D p 1 p ¼ 0) using the weights D p . The statistics proposed by Legendre et al. (1997) to evaluate the link between categories and a quantitative variable can also be extended to the case of abundance values.
A multivariate statistic
The statistics presented in Eqs. 3, 5, and 7 show how to measure the link between a single species trait and a single environmental variable using the original tables R, L, and Q. According to the types of variables, one can compute a Pearson correlation coefficient (r), a v 2 statistic, or a correlation ratio (g 2 ). In this part, we consider a general measure of the link between environment and species traits when matrices R and Q contain several quantitative as well as qualitative variables. Quantitative variables are standardized to mean 0 and variance 1 using weighting matrices D p (for Q) and D n (for R). Qualitative variables are coded using dummy variables. As in Legendre et al. (2002) , the proposed statistic is the trace of the fourth-corner matrix. It is a generalization of Eqs. 3, 5, and 7, and is equal to
. Diagonal matrices D r and D q contain weights for columns of R and Q. If the kth column of R (Q, respectively) corresponds to a quantitative variable, then
, respectively). If we consider a single species trait and a single environmental variable, the proposed statistic S RLQ is equal to r 2 , v 2 /L þþ , or g 2 depending on the types of variables. When considering both quantitative and qualitative variables in R and Q, this statistic is simply a sum of r 2 , v 2 /L þþ , and g 2 for all combinations of species traits and environmental variables. It can be demonstrated that this quantity is also equal to the total inertia of an RLQ analysis (Dole´dec et al. 1996) .
TESTING ECOLOGICAL HYPOTHESES
Quantification of the link between species traits and environment, using the statistics proposed in the previous section, is a first step toward testing ecological hypotheses. The second step is to evaluate if the strength of the link may be attributed to chance alone, which is the most parsimonious hypothesis, or if it is likely to reflect ecological processes. In particular, we want to know if the structure of the community significantly denotes an association between the characteristics of the species and the environmental conditions. As shown in the previous section, the relationship between species traits and environmental variables can be measured using traditional statistics through inflated occurrence data tables. Classical testing procedures (e.g., t test for the Pearson correlation coefficient r) cannot be used, however, because the reference distribution of the fourth-corner statistic is unknown. The sampling unit of the analysis is the site; therefore the testing procedure must be applied to the original data tables, not the inflated tables. Permutation procedures can be implemented to solve this problem.
Permutation models
The principles of the randomization procedure are the following: 1) Compute a reference value of the statistic using the original data tables (e.g., v 2 in the case of two qualitative variables).
2) Permute at random the values in L and recompute the statistic. This operation is repeated a number of times (e.g., 999) to obtain a set of values of the statistic under the null hypothesis H 0 .
3) Compare the observed statistic to the distribution containing the values obtained by permutation as well as the reference value; compute the associated probability and take the appropriate statistical decision.
In the case of presence-absence species data, Legendre et al. (1997) . This destroys the link between L and Q but keeps L linked to R.
In the present paper, we will also consider another randomization procedure: 5) Model 5: Permute the species values and, after (or before), permute the sites values (i.e., permute entire columns and, after (or before) that, entire rows of table L), destroying the links between L and Q and between L and R. This is strictly equivalent to permuting the rows of both tables R and Q, as proposed by Dole´dec et al. (1996) .
These five models are easily extended to abundance data. For models 1 and 3, one could choose to permute either the correspondences (cell values) of the species, or the occurrences (individuals). The first alternative has been preferred because it keeps constant the number of sites occupied by a species (models 1 and 2) or the number of species per site (models 3 and 4). Permuting individuals in the case of abundance data would lead to tests with highly inflated rates of Type I error. Also, when permuting individuals with model 1, some sites would run the risk of becoming void, and some types of environment could cease to exist, while model 3 could make some species and their associated trait values extinct. These permutations (i.e., realizations under these models that remove species or sites) must not be considered for the computation of P values as they do not take into account the complete information about species and sites.
These methods represent five ways of testing different null hypotheses concerning the absence of a link between tables Q and R mediated by table L (Fig. 2) . The link between three tables (R-L-Q) can be decomposed by studying the links between two table pairs (L-R, L-Q). If tables R and Q are linked through L (R $ Q), both the conditions L $ R and L $ Q must be satisfied. On the contrary, the absence of a link between R and Q (R À Q) corresponds to L À R and/or L À Q. In hypothesis testing, the null hypothesis is tested and either rejected in favor of an alternative hypothesis or not rejected, in which case the alternative hypothesis is not sustained. For the fourth-corner problem, an ideal permutational model would test the null hypothesis H 0 : R À Q against the alternative hypothesis H 1 : L $ R and L $ Q. The five models proposed in the literature are compared in Fig. 2 in terms of their null and alternative hypotheses; the figure also explains what action each permutation method has on the data, and what is preserved (i.e., not tested). The methods are spelled out in more detail in Appendix A. It appears that none of the five proposed models really corresponds to the ideal permutational model.
Simulation study
We simulated data to evaluate the five testing procedures for Type I error and power, according to different ecological scenarios. We considered both presence-absence and abundance data, and only the case of a single quantitative trait and a single quantitative environmental variable. The procedure to generate the data was the following: 1) Generate n values of an environmental variable x as a random sample from the uniform distribution of real numbers between 0 and 100 (table R).
2) Generate a vector l containing uniformly distributed random values between À1 and 101. The value l j represents the position of the optimum for species j. The optima (l j ) of the p species form the species trait table (Q). Species optima are used as surrogates for species traits as it is assumed that species traits would be linked to species optima positions along the gradient if there is a link between the characteristics of species and their ecological preferences.
3) Generate a vector h containing values drawn at random from a uniform distribution from 0.5 to 1. Value h j is the height of species j at its optimum. 4) Generate a vector r containing normally distributed random values with mean l tol (defined in the last paragraph of the present section) and standard deviation 10. Values r j represent species tolerances, or niche breadths.
5) Generate a unimodal response curve for the jth species by
where x i is the value of the environmental variable from table R at site i. For abundance data, table L was filled with y ij values, whereas for presence-absence data, values were generated at random from a binomial distribution with probability y ij . In order to evaluate the five permutations models, six scenarios were considered. 1) Scenario 1: table L was structured and linked to tables R and Q as described in the previous paragraph.
2) Scenario 1N: table L was structured and linked to tables R and Q. The data were generated as in scenario 1. Normal random noise was added to tables R and Q (mean 5 and standard deviation 1) and to table L (mean 0 and standard deviation 2). This approach sometimes produced negative values in table L; they were replaced by 0.
3) Scenario 2: random the values in R and Q, creating realizations of H 0 for all permutation models. 6) Scenario 5: table L was made to be unrelated to either R, or Q, or both. Data were simulated as in scenario 1 and the values in L were permuted at random according to the permutation model that we wished to evaluate. For model 1, individual values were permuted within each column of table L. For model 2, entire rows of L were permuted, leaving L linked to Q as in scenario 3. For model 3, individual values were permuted within each row of L. For model 4, entire columns of L were permuted, leaving L linked to R as in scenario 2. For model 5, the columns and then the rows of L were permuted at random, making L unrelated to tables R and Q as in scenario 4.
The first two scenarios (1 and 1N) correspond to a power study for all permutation models, while scenarios 2-5 allowed us to study the rates of Type I error. In scenarios 1-4, the covariance structure among the species in a simulated data set was the same for all permutation models. In scenario 5, the covariance structure among the species varied with the type of permutation of the L data. Scenario 2 is a study of the rate of Type I error for permutation model 4 and a power study for the other models. Likewise, scenario 3 is a study of the rate of Type I error for permutation model 2 and a power study for the other models. Scenarios 4 and 5 allowed us to study the rates of Type I error of all permutation models. A synthetic description of the simulation study is given in Appendix B.
For each scenario, three sample sizes were considered (n ¼ f30, 50, 100g) as well as three sizes of the species pools ( p ¼ f30, 50, 100g). We also considered three values for the average species tolerances (l tol ¼ f10, 30, 60g). For each combination of parameters and scenarios, 1000 data sets were generated. For each data set, the five testing procedures were conducted with 999 random permutations.
Simulation results
For each data set, we tested the statistic S RLQ (i.e., r 2 in this simulation study, which involved a single quantitative trait and a single quantitative environmental variable). For each combination of parameters and scenarios, we are reporting the rate of rejection of the null hypothesis at significance level a ¼ 0.05 and the mean value of r 2 over the 1000 generated data sets. In scenario 5, the values of r 2 varied with the type of permutation and are not reported. The results for abundance data are summarized in Table 1 ; the results Notes: H 0 denotes the null hypothesis (R À Q) (see Testing ecological hypotheses); l tol is the average species tolerance. Permutation models are in defined in the text (see Permutation models). Scenarios are described in the Simulation study section.
for presence-absence data, which were very similar, are not presented.
When the three tables were linked (scenario 1), all permutational models identified the link with very high power. The strength of these results is due to the procedure of generation of the data, which created very strong links between the three tables. When the average species tolerance (l tol ) increased, the number of correspondences per species increased and therefore the intensity of the link (r 2 ) decreased. In order to detect differences, we added random noise to tables L, R, and Q (scenario 1N): power increased with sample size and the five permutation models were quite equivalent.
Results of scenario 4 show that when neither R nor Q was linked to L, all permutational models had a rejection rate around 0.05. Hence they all had correct rates of Type I error (rate of rejection of H 0 when H 0 was true). In scenario 5, the simulated data were permuted at random according to the requirements of each permutation model; again, all permutation methods had correct rates of Type I error.
Results provided by scenarios 2 and 3 highlight the importance of choosing an appropriate permutational model, in accordance with the presuppositions of the study. When L was only linked to R (scenario 2), only permutation model 4 had a rejection rate near 0.05. The rejection rate for the other models varied between 0.532 and 0.984 even if the link (measured by r 2 ) between the three tables was very small. These rates are very high due to the strong link created between L and R in our simulated data; it would probably be lower with real data. Symmetrically, only model 2 (permute entire rows of table L, which is equivalent to permuting the rows of R) had a rejection rate of 0.05 for scenario 3 in which L was only linked to Q. All these results are in agreement with the expectations shown in Fig. 2 .
Discussion of simulation results
In the original fourth-corner analysis, permutation models 1-4 were used in situations where the attributes of the species and those of the sites were considered fixed (i.e., not random). In many cases, the species characteristics are obtained from the literature and from past observations in similar systems, not from direct observation of the organisms making up table L. Likewise, observation of the characteristics of the sites can be made once and for all during a pilot study, before surveying the organisms to produce table L. The random component of the model is the observed presences or abundances of the species at the survey sites. Researchers are interested in finding links between the (fixed) traits of the species and the (fixed) characteristics of the sampling sites, the links being mediated by the observed data making up table L (Fig. 1a) .
Rejection rate for permutation model:
Rejection rate for permutation model: In these circumstances, permutation model 1 can be used to test H 0 (R À Q) by distributing the presences or abundances of individual species (whose characteristics are fixed) at random through the sites whose characteristics are also fixed. Permutation model 2 tests the same null hypothesis but at the level of species assemblages. Permutation model 3 is quite different from models 1 and 2 in that the assumed random process is a lottery among individual settlers for space. Permutation model 4, where applicable, follows the same general approach as model 3.
The statistic S RLQ measures the link between the species traits (Q) and the environmental conditions (R), mediated through L. The tests of significance have a different purpose and meaning: they allow users to test hypotheses about the mechanisms that led to the measured link value. The simulation results (Table 1) showed that when R and Q were not linked to L (scenario 4), all permutation models produced correct rates of Type I error. The interesting question is: What are the results of the tests when only one matrix, R or Q, is linked to L? Simulation scenarios 2 and 3 showed that, unless one uses the appropriate permutation model, one can easily obtain false positives and incorrectly conclude that there is a link between R and Q through L. On the contrary, when used appropriately (scenario 5), all permutation models had correct rates of Type I error, rejecting H 0 in about 5% of the simulations.
This simulation study showed that ecological conclusions drawn from the results of testing procedures developed for the fourth-corner statistic (models 1-4) or for RLQ analysis (model 5) must be made with real understanding of the tested hypothesis (Fig. 2) . It must be noticed that the case where tables R, L, and Q are linked (i.e., L $ R and L $ Q) is only one of the situations that correspond to the alternative hypothesis for these five models. These results show that in some circumstances, only conclusions about two tables can be drawn, even though the test statistic is measuring a relationship involving the three tables.
When the data in tables R and Q are considered random (L may be fixed or random), permutation method 5 may logically seem to be the most appropriate to test the whole link between R and Q through L. The simulation results suggest another possibility, which consists of testing H 0 : R À Q against H 1 : L $ R and L $ Q, by combining the results of tests carried out separately using model 2 (H 1 : L $ R) and model 4 (H 1 : L $ Q) (Fig. 3) : 1) Use model 2 to test H 0 against H 1 , which states that tables L and R at least are linked. This test is performed at significance level a 1 . Table 2 . This strategy seems to be slightly liberal (Type I error between 0.039 and 0.140 for scenario 4), especially when species tolerances l tol are very small, and induce loss of power in scenario 1N. However, as the simple procedures (models 2 and 4) are very powerful (scenario 1N), this loss of power is not too prejudicial. For scenarios 2 and 3, the Type I error varies between 0.198 and 0.258 because the simple tests (H 0 against H 1 and H 0 against H 2 ) were performed at significance levels
The power of the combined approach was evaluated using data generated under scenario 1N. In a first series of simulations, we evaluated the effect of the number of sites (n) and the number of species (p) on power. One hundred cases were considered (the number of species and the number of sites varied between 10 and 100 with regular intervals of 10; the average species tolerance was equal to 30); 1000 data sets were generated for each case. The results (Fig. 4a) show that power increased equivalently with the sampling size and the size of the species pool. In this simulation study, power varied between 0.29 and 1.0. It was always .0.8 when the number of cells of table L (number of species multiplied by the number of sites) was larger than 900. Power varied between 0.95 and 1.0 for tables with more than 1200 cells.
In a second series of simulations, the average species tolerances (l tol ) was made to vary between 10 and 80 (by regular intervals of 10) for three sampling sizes (n ¼ f30, 50, 100g) as well as three sizes of the species pool (p ¼ f30, 50, 100g). Results concerning the influence of the average species tolerance are presented in Fig. 4b . Since the size of the gradient is constant, this figure can be interpreted in terms of alpha and beta diversities. As the average species tolerance increased, overlaps between FIG. 3. An approach to combine results of two permutation models. Model 2 allows testing H 0 (no link between R and Q) against H 1 (tables L and R at least are linked). The distribution of the statistic under H 0 is obtained by permutation using model 2; the critical region corresponds to the proportion a 1 of the highest values. Model 4 allows testing H 0 against H 2 (tables L and Q at least are linked). The critical region is formed by the proportion a 2 of the highest values of the distribution of the statistic obtained by permutation using model 4. Combining the results of the two tests allows a test of H 0 against H 3 (tables R, L, and Q are linked) at significance level a 3 ¼ a 1 a 2 . species niches were more frequent and thus beta diversity decreased while alpha diversity increased. The results suggest that power is linked in a nonlinear manner to beta diversity. When beta diversity was low (high average species tolerance), power was also low (minimum is 0.414 for 30 species and 30 sites). This makes sense because, in this case, traits are linked to the average position on the gradient, but when species are very tolerant they can occupy a wide range of environmental conditions. More surprisingly, in the case of high beta diversity (low values of species tolerance), power was reduced (power was 0.667 for 30 species and 30 sites at an average species tolerance of 10). In our study, the best results were obtained for an average species tolerance of 30; power then varied between 0.875 and 1.0.
This combined approach seems at first glance equivalent to analyzing the two-tables links (L $ R and L $ Q) using statistics and permutation procedures associated to co-inertia analysis , canonical correspondence analysis (ter Braak 1986), or redundancy analysis (Rao 1964) , and then combining the results as in our combined approach. However, it must be remembered that our combined approach is based on a statistic that measures the link between the three tables and, therefore, it tests the link between the three tables. Results obtained by two-tables procedures could lead to false positive results by considering two significant two-tables links associated to different ecological processes.
The simulation studies reported here showed that all testing procedures were powerful (scenarios 1 and 1N) and had correct rates of Type I error when the three tables R, L, and Q were not linked (scenario 4) or were linked in the way corresponding to each permutation model (scenario 5). When only tables L and R were linked (scenario 2), model 4 had a correct level of Type I error while the other models correctly detected the L $ R link. When tables L and Q only were linked (scenario 3), model 2 had a correct level of Type I error while the 4 . Results of the power study for the combined approach. The influence on power of (a) the sample size and the number of species and (b) of the species tolerance. The isolines in panel (a) correspond to rejection rates of H 0 (tested against the alternative hypothesis H 3 ) at the 5% significance level after 1000 independent simulations. other models correctly detected the L $ Q link. Our proposition to combine the testing procedures based on models 2 and 4 is one way to solve these problems.
CONCLUSIONS
The fourth-corner analysis allows users to measure and test directly the link between the variations in species traits and the environmental structures through the link provided by community data, including situations where the data in R and Q are considered fixed or random. In this paper, we provide new tools to deal with abundance data and to test ecological hypotheses using several traits and environmental variables. The combined testing strategy seems to be the only way to test properly the whole link between species traits and environmental variables mediated by the abundances of species. Results of the power studies suggest that the procedure is more efficient when the sampling size and/or the number of species is fairly high. Hence sampling effort must be more important in ecological systems harboring few species in order to gain power. Power is also reduced when beta diversity is very low or very high. In such systems, increasing sample size is the best solution to increasing the power of the method, which is its ability to detect a relationship between species traits and environmental conditions when such a relationship exists.
In this paper, the methodological problem (simultaneous analysis of three tables) was directly related to the biological question of linking species traits and environmental variables. The methods developed for this particular biological issue could, of course, be used in other situations. For instance, Dray et al. (2002) adapted RLQ analysis to the problem of relating data sets from two different spatial samples. In that study, tables R and Q contained species composition for canopy and understory, respectively, while table L was a spatial neighborhood matrix. Using the principle of the fourthcorner statistic, Legendre et al. (2002) developed a method to test the significance of the global hypothesis of coevolution between parasites and their hosts. In that approach, tables R and Q contained principal coordinates describing the phylogenetic trees of the parasites and of the hosts, respectively, while a binary table L described the empirical associations between parasites and hosts. Tall et al. (2006) used the fourth-corner statistic and RLQ analysis in order to test if cooccurring grazers varying in size and taxonomy had different diet patterns and if these patterns were explained by ingestion of diatoms, which differed in size or spatial positions in the epiphyton mats. These examples show that the development of new methods for direct functional analysis can be very helpful in solving other ecological problems.
Introduction of species traits in ecological studies offers exciting perspectives for biologists. It allows tests of new and more general hypotheses to be performed in order to better understand the functioning of ecosystems. It represents a great challenge for numerical ecologists that must develop new methods in order to allow ecologists to test biological hypotheses with appropriate tools. Taking into account autocorrelation between sites (e.g., spatial structures) and between species (phylogenetic constraints) appears as an objective of prime interest for methodologists as well as ecologists. In order to provide efficient tools for conservation policy, development of a predictive functional ecology requiring predictive methods represents another objective. For this purpose, approaches developed in ecology, including a modeling step, (McIntyre and Lavorel 2001 , Kleyer 2002 , Nygaard and Ejrnaes 2004 could be used as a starting point in order to provide efficient predictive methods.
Software R functions to compute the fourth-corner statistic for presence-absence or abundance data are available in the ade4 package (Dray and Dufour 2007) . In addition, RLQ analysis is available in the ade4 package.
